Proteins differentially interact with each other across cellular states and conditions, but an efficient proteome-wide strategy to monitor them is lacking. We report the application of thermal proximity coaggregation (TPCA) for high-throughput intracellular monitoring of protein complex dynamics. Significant TPCA signatures observed among well-validated protein-protein interactions correlate positively with interaction stoichiometry and are statistically observable in more than 350 annotated human protein complexes. Using TPCA, we identified many complexes without detectable differential protein expression, including chromatin-associated complexes, modulated in S phase of the cell cycle.
Here, we explored the cellular thermal shift assay (CETSA) for the study of protein complex dynamics (10) . By using protein mass spectrometry (MS) with multiplexed quantification for CETSA (MS-CETSA or thermal proteome profiling), melting curves are generated for thousands of proteins (11) (12) (13) . In this work, we analyzed MS-CETSA data generated from samples without exogenous ligands. We validated thermal proximity coaggregation (TPCA) as an approach for systemwide intracellular monitoring of protein complex dynamics.
TPCA is based on the hypothesis that interacting proteins coaggregate upon heat denaturation, leading to similar solubility across different temperatures (Fig. 1A) . We first investigated TPCA with the well-characterized Cdk2-cyclin E1 complex, deriving the melting curves using immunoblots for both proteins overexpressed in human embryonic kidney (HEK) 293T cells (fig. S1, A and B). Individually expressed cyclin E1-V5 and Cdk2-HA (hemagglutinin) display distinct melting curves, but they interact and are stabilized with similar melting curves when coexpressed (Fig. 1B and fig. S1A ), consistent with the TPCA hypothesis.
To evaluate the generality of TPCA, we obtained the melting curves for 7693 human proteins (table S1) collated from eight MS-CETSA experiments of the same K562 lysate (Fig. 1C) . We assembled 111,776 protein-protein interactions annotated in BioGRID (14) , InAct (15) , and MINT (16) databases occurring among the 7693 proteins (table S2) . Using Euclidean distance as an inverse measure of curve similarity, we observed that interacting protein pairs generally have higher curve similarity than all protein pairs (P < 2.2 × 10 −16 , one-tailed Mann-Whitney test, Fig. 1D ). This similarity is more pronounced for interactions reported by multiple publications ( Fig. 1D and fig. S2 ). We also observed high curve similarity for interactions from two recent large-scale studies (5, 6) using yeast twohybrid (Y2H) and affinity purification (AP)-MS/MS, and for subunit pairs of complexes in the CORUM database ( Fig. 1E ) (17) . Thus, it is unlikely that the observed TPCA signatures arose from ascertainment bias and the experimental methods used. We computed the average curve similarity among all subunit pairs of each protein complex and assessed TPCA signatures at the protein complex level. For the 558 nonredundant human complexes having at least three subunits with melting curves, 160 exhibited nonrandom TPCA signatures among subunits collectively (P < 0.05, table S3, Fig. 1F, and fig. S3 ). Next, we obtained MS-CETSA data from the K562 cell lysate that was depleted of low-molecular weight (LMW) ligands by desalting (table S4). We observed decreased average curve similarity for most protein complexes (~88%, fig. S4A and table S5), suggesting that LMW ligand depletion caused increased complex dissociation. However, we observed multiple protein complexes with negligible changes in TPCA but with melting curves of all subunits shifted similarly, such as the PA700 proteasome subcomplex that could be due to adenosine 5´-triphosphate (ATP) depletion ( Fig. 2A and fig.  S5 ). Thus, whole-protein complexes can remain intact yet thermally destabilized by LMW ligand depletion. In comparison, MS-CETSA data from a new batch of K562 lysate shared good reproducibility with the previous lysate (Pearson's R = 0.88, fig. S3B ). We observed a higher reproducibility ( fig. S4C ) for proteins with at least three quantified peptides in each data set, and thus combined existing and new data sets for subsequent analysis (table S6) .
Six MS-CETSA experiments were performed on intact K562 cells (table S7) . We observed melting curves of all protein pairs to be statistically more similar in the lysate data (Fig. 2B) , whereas those for interacting protein pairs are statistically more similar in intact cell data (Fig. 2B) . We also observed that protein complexes have better average curve similarity among subunits in intact cell data than in lysate data (figs. S6, A to D, and S7). Overall, intact cell data reveal more protein complexes with nonrandom TPCA signatures than the lysate data ( Fig. 2C; fig. S6 , E and F; and table S8).
TPCA-significant protein complexes in stress response, cell cycle, and DNA processing pathways are statistically enriched in intact cell data over lysate data ( fig. S6G ). Many DNA-chromatinassociated complexes and membrane-associated complexes-as exemplified by the Nup 107-160 nuclear pore subcomplex and the origin recognition complex, respectively (Fig. 2D )-exhibit significant TPCA signatures only in intact cells, presumably due to disruption of DNA-chromatin and native membranes in cell lysate. Our analysis suggests that the replication factor complex C (RFC) remains assembled in both intact cell and lysate (Fig. 2E, top) but that the whole complex is thermally destabilized in lysate (Fig. 2E , top left), presumably due to the absence of DNAchromatin.
We observed many instances in which subcomplexes exhibit distinct TPCA signatures between intact cell and lysate data sets. For example, the 40S and 60S ribosomal subcomplexes each have subunits with similar curves that shifted closer to the other subcomplex in intact cell data (Fig. 2F) mRNA in cells than in lysate. Another example is the NDC80 kinetochore complex with two distinct subunit groups based on melting curves that are more similar to each other in intact cell data than in lysate data (Fig. 2E, bottom) . The two distinct subunit groups correspond to the two stable heterodimers that are associated with each other through a short tetramerization protein region ( Fig. 2G) (18, 19) . TPCA analysis suggests that the two subcomplexes had dissociated in lysate.
These observations suggest that TPCA can reveal fundamental differences in protein complex organization and their functional states.
The stoichiometry of interaction and abundance between subunits in a complex can potentially influence its TPCA signature. We analyzed such data for the interacting protein pairs reported with highest confidence in Hein et al. (9) and observed positive correlation of the TPCA signature with interaction stoichiometry (Spearman's R = -0.22, P < 0.001, Fig. 3A and fig. S8A ) and abundance stoichiometry (Spearman's R = -0.21, P < 0.001, Fig. 3B and fig. S8B ). The protein pairs with both interaction stoichiometry and abundance stoichiometry greater than 80% exhibit much stronger TPCA signatures than those meeting the two criteria separately (Fig. 3C) . In comparison, proteins paired solely by similar abundance do not exhibit strong TPCA signatures [ fig. S9 , A to C, and table S9 (20)]. Accordingly, multiplying interaction stoichiometry with abundance stoichiometry results in values that correlate better with TPCA signature (Spearman's R = -0.27, P < 0.001, Fig. 3D and fig. S8C ). Thus, interaction and abundance stoichiometry between interacting proteins are intrinsically captured by TPCA, albeit semiquantitatively. Under the core-attachment model, subsets of proteins form the stable core of protein complexes that are differentially or temporally bound by other proteins (21, 22) . We investigated this model with TPCA, comparing melting curves of protein pairs from the complex core to curves for pairs between the core and the attachment subunits (Fig. 3E) . We identified the core-core pairs in each complex as those found in two or more other CORUM complexes and core-attachment pairs as those found in that complex only. For most of the complexes, the TPCA signature of core-core pairs is either similar to or much stronger than that of the core-attachment pairs (Fig. 3F) . This is in accordance with the core-attachment model in which core-attachment interactions generally occur at lower stoichiometry. Thus, TPCA signature potentially encapsulates the temporal and core-attachment organization of many complexes.
Next, we explored TPCA for system-wide monitoring of protein complex dynamics between cell states. We obtained intact cell MS-CETSA data from K562 cells arrested in the S phase of the cell cycle using methotrexate ( fig. S10 ) and from dimethyl sulfoxide (DMSO)-treated unsynchronized cells (tables S10 and S11). We assessed statistical significance for enhanced TPCA (i.e., higher average curve similarity) observed for any CORUM complex (see materials and methods). We identified 18 protein complexes, some containing overlapping subunits, that have statistically enhanced TPCA signature across both biological replicates in S phase-synchronized cells (tables S12 to S14).
All but three identified modulated protein complexes had previously been implicated in the S phase. They include the CAF-1 complex (Fig.  3G) , which forms and localizes to the replication fork during S phase (23); the TREX-THO complex (Fig. 3G, bottom right) required for replication fork progression (24, 25) ; and the TRAP complex required for S phase progression (26) . We also identified many chromatin-nucleosome remodeling and associated complexes such as BAF (Fig. 3G, top right) , LARC, and BRG1-SIN3A (27) , consistent with the expected remodeling of chromatin during the S phase. Histone mRNAs were up-regulated prior to S phase but were rapidly degraded with halted DNA replication (28) . We identified three modulated protein complexesthe mRNA decay complex, the exosome, and the integrator complex-that are involved in histone mRNA degradation. Deletion of RRP6, a subunit of exosome, was reported to increase histone mRNA HTB1 during S phase (29) , thus highlighting the role of this complex during S phase. Integrator complex was implicated in the processing of replication-dependent histone mRNAs (30) .
Two of the three identified complexes not known to be implicated in S phase are the MDC1-MRN-ATM-FANCD2 and the DNA ligase III-XRCC-PNK-polymerase III complexes. However, they are involved in the DNA damage response in accordance with the known DNA-damaging effect of methotrexate (31) . The third complex not implicated in S phase is the tumor necrosis factora (TNF-a)-nuclear factor kB (NF-kB) signaling complex (Fig. 3G) . We validated that methotrexate increases the assembly of the associated IkBap65-p50 protein complex by suppressing activation of the NF-kB signaling pathway, in both the presence and absence of TNF, through inhibiting phosphorylation of the IkB kinase a/b (IKKa/b) complex, IkBa, and p65 in K562 cells (Fig. 3, H  and I ). We subsequently combined data from both replicates-the better data coverage and precision (table S15) allowed us to uncover more complexes that are differentially modulated between S phase and unsynchronized cells (table S16 and fig. S11 ).
The enhanced TPCA signature of identified complexes largely arose from curve convergence of most subunits (Fig. 4A) . Nevertheless, this could arise from synchronized changes in protein expression. Thus, we quantified relative protein abundance between the DMSO-and methotrexate-treated cells using MS. We observed high reproducibility in relative abundance (Pearson's R = 0.87, fig. S12 and table S17) across biological replicates and identified only five subunits (P < 0.05, or nine at P < 0.1) with differential protein expression ( Fig.  4A and table S18) that are mostly parts of the mediator and integrator megacomplexes. Thus, most subunits exhibit enhanced TPCA signature with each other without differential protein expression (Fig. 4A) .
Next, we analyzed TPCA signature across multiple cell lines. We generated MS-CETSA data from HEK 293T, A375, HCT116, MCF7, and HL60 intact cells. Combining data from two biological replicates, each with two technical MS runs (average Pearson's R = 0.92 between biological replicates, fig. S13 ), we obtained melting curves for~7600 proteins on average for each cell line ( fig. S14A and tables S19 to S23). On average, 33.8% of the qualified CORUM complexes exhibit a nonrandom TPCA signature (P < 0.05) in each cell line (figs. S14B and S15 to S20), with~70% overlap between cell lines. We also obtained data from mouse liver and observed~37.7% of qualified protein complexes (three or more subunits with melting curves) with nonrandom TPCA signatures (tables S24 to S26 and figs. S21 and S22). Thus, TPCA is observable across multiple cell lines and from tissue samples. Many protein complexes exhibit strong TPCA behavior across the six cell lines ( fig. S23 ), but we also found many complexes with high quality but distinct curves across cell lines (figs. S24 and S25). This suggests plausible variation in protein complex stoichiometry and composition among cell lines, even for fundamental and abundant protein complexes, that could arise from changes in interaction stoichiometry and/ or protein abundance.
Subsequently, we generated weighted networks of reported interactions among proteins identified in all the six cell lines with TPCA-derived z-scores (table S26) . A basal network averaging the z-scores, after removing the highest and the lowest z-scores for each interaction, is also constructed. Comparing the basal network with cell-specific TPCA-weighted networks facilitates identifying potentially differentiated interactions, pathways, and functional modules (table  S27) . Focusing on HCT116, we found that the RAS-RAF-MEK-ERK pathway contains many interactions with highly differentiated TPCA signatures (Fig. 4B) . Retrospectively, we observed marked similarity in melting curves of BRAF and RAF1 proteins in HCT116 cells compared to other cell lines (Fig. 4C) , consistent with expected dimerization of BRAF and RAF1 driven by active KRAS G13D in HCT116. TPCA analysis also suggests that BRAF-CRAF interaction with MEK is up-regulated in HCT116 cells but is down-regulated in A375 cells, which express BRAF V600E (Fig. 4B ). This is in line with the recent finding that the interaction is upregulated in cells expressing mutant KRAS and wild-type BRAF but suppressed in cells with mutant BRAF (32) . Thus, TPCA could potentially capture cell-specific interactions and pathways.
Lastly, we validated that known and potentially previously unknown protein complexes can be identified from the existing human interactome map using graph or network clustering algorithms (22, (33) (34) (35) (36) with TPCA-based scoring of interactions (Fig. 4D, figs. S26 and S27, and supplementary text). The best performance was obtained with the COACH algorithm, which incorporates the core-attachment model of protein complexes (22) . Using this algorithm and TPCAbased scoring of interactions gives a performance comparable to that of published interaction reliability scores that incorporate publication count and functional similarity (37) . We also observed that TPCA profiling in its current format carries predictive power for protein-protein interactions, with the area under the curve ranging from 0.62 to 0.79 depending on the interaction data sets (Fig. 4, E and F) , which collectively suggests that TPCA profiles could also serve to discover new interactions and protein complexes in combination with other approaches.
TPCA enables the intracellular study of the dynamics of multiple protein complexes simultaneously in intact nonengineered cells and tissues. THOC1  THOC2  THOC3  THOC5  THOC6  THOC7   THOC1  THOC2  THOC3  THOC5  THOC6 signatures, with 58% of the complexes exhibiting nonrandom TPCA signatures in at least one of the cell lines profiled. Membrane-embedded complexes are included in CORUM but are likely not amenable to the protocol adopted in this work (13) . Nonsignificant TPCA signatures could arise for protein complexes with very low interaction stoichiometry-increased assembly can be monitored by changes in TPCA signature. TPCA profiling suggests that many complexes can remain intact yet thermally destabilized in the absence of interaction with DNA and LMW ligands such as ATP (Fig. 2, A and E) . We observed many mitochondrial proteins that seem more temperatureresistant in intact cells, as observed previously (11) . It is unclear whether TPCA is intrinsic and captured by the recent limited proteolysis and MS methodology (38) . We observed many more complexes with significant TPCA signature in cells than in lysates, suggesting that TPCA could potentially aid the intracellular studies of weak or transient proteinprotein interactions that are not preserved in lysate, including protein complexes that depend on the integrity of chromatin-DNA, membrane, and associated structures for stability. TPCA could be used to validate complexes identified by other proteome-wide methodologies and help in their functional characterization across different cell states and conditions. TPCA also permits studying chemical modulators of protein complexes and interactions directly in nonengineered cells and tissues. Analogous to quantifying expression of genes and proteins from a reference genome and reference proteome, respectively, we envisage TPCA-based profiling with reference interactomes as a system-wide discovery strategy for modulated cellular processes. The method therefore can facilitate the discovery of protein complexes involved in diseases, some as potential therapeutic targets or, by TPCA profiles in patient tissue samples, for prognosis of disease progression or optimization of therapy. manuscript. 
